A global degree days database for energy-related applications
Weather can have a profound effect on energy consumption, especially extremes of hot and cold temperatures. These variations in particular drive residential and commercial energy demand because space heating and cooling is such an important component. Traditional approaches are customized to the specific geography of interest. Energy regulators use a measure of divergence from normal temperatures to estimate peaks in demand when planning future capacity, or to strip out short-term weather effects to identify underlying growth trends. Energy traders marry weather forecasts to demand data to identify potential price peaks and troughs. What unites these analyses is that they tend to be either local or short term in nature; or both. However, the customization of methodology to a particular geography renders comparisons of the effects of weather between countries invalid.
Targets for improving energy productivity and benchmarking of performance towards meeting such targets between countries requires a consistent global database, both spatially and temporally. To date, no such database has been available to policymakers. KAPSARC has worked with the Euro -Mediterranean Center for Climate Change (CMCC) to create a database covering 147 countries over a period of several decades, based on consistent methodologies such that the impacts of local climate on energy consumption can be analyzed.
Introduction
The cooling and heating degree days methodology is regarded as a reliable tool for appropriately accounting for the effect of weather on energy demand. Degree days methodologies are commonly used to calculate seasonally adjusted energy consumption in a variety of discrete geographies. These include, among others, Dombayci (2009) for Turkey, Arguez et al (2013) for the United States, Badescu et (1999) for Romania, You (2013) for China, Matzarakis (2004) for Greece, Al-Hadrami (2013) for Saudi Arabia, and Eurostat (2011) for selected European countries.
The various databases available in the literature are generated under a variety of definitions and methodologies and based on a range of reference temperatures. These are useful for planning energy systems and predicting seasonal load demands for evening out weather related variations in energy demand, and are also equally used by traders and economist for analyzing competitive market-derived prices. Furthermore, quantifying the relationship between climatic conditions and energy consumption can raise awareness on the effect of climate change on future heating and cooling equipment investments (De Cian et al, 2013; Bigano et al, 2006; Christenson et al, 2006) .
From a policymaking perspective, accounting for weather effect on energy demand is no longer restricted to domestic nationally-focused analysis.
Summary for policymakers
There is also an emerging international context. Decision makers have increasingly noted the need for benchmarking the performance of their economies and the effect of their policies against other countries. However, the fragmented nature of degree days datasets, their lack of comprehensive coverage, and the variations in definition of weather adjustments make such comparison between countries difficult or even invalid. Furthermore, the majority of the calculated datasets only include the effects of temperature. They do not always address the potential effects of humidity and solar radiation, both of which may drive demand for air conditioning and heating.
There are some studies in the literature that take a global perspective using a country-by-country data. The World Resource Institute (Baumert K., Selman M., (2003) for example, used ground-based station temperature data to create a 30-year average of cooling (CDD) and heating degree-days (HDD) for around 90 countries. However, the dataset has not been updated and, for many countries, excludes large proportions of population and land area. Wheeler (2012) developed a global population weighed CDD and HDD database using temperature records from 1980 to 2011, gathered from satellite reanalysis data. The dataset, however, is limited by the fixed reference temperature, the spatial and temporal aggregation associated with its analysis and the absence of other relevant climatic factors including humidity. Eurostat (2011) provides a monthly Heating Degree Day index for European Union countries for the period 1980 to 2009, while Benestad (2008) generated CDD and HDD estimations and forecasts for 63 Europeans locations from 1900 to 2100. Although these datasets include various countries, they are characterized by different spatial and temporal aggregation levels, and use calculation methodologies that hinder reliable comparisons between countries.
In partnership with the Euro-Mediterranean Center for Climate Change (CMCC), KAPSARC has created, a comprehensive dataset in both geography and time that overcomes these limitations, allowing policymakers to make unbiased and comparable evaluations among countries. Its intention is to enable policymakers to account for differences in energy consumption that simply result from diverging climatic conditions between their own country and a comparator. This allows comparison of normalized data to determine whether residual differences are driven by other factors  including structure of economy, efficiency or consumer behavior. Moreover, this dataset is freely available to the public.
Building of the database
The CMCC-KAPSARC database provides data on population-weighted degree-days for 147 countries for the period ranging from 1948 to 2013. An important aspect of its development was to improve on existing degree days methodology, namely limited geographical availability, temporal and spatial aggregation, the lack of accounting for various climatic factors, and the restrictive use of a singular reference temperature.
The dataset was created through a combination of gridded atmospheric satellite datasets developed by the National Oceanographic Atmospheric Agency (NOAA). Degree days have been computed using datasets obtained from NOAA's National Centers for Environmental Prediction (NCEP/NCAR reanalysis first started by Kalnay et al, 1996) . The data series employed were actual values and reanalysis of geo-located climate parameters: air temperature at two meters altitude, relative humidity, solar radiation available at a four times intra-day frequency ranging from 1948 through 2013. These parameters were used to calculate global thermal comfort indices within grids determined by latitude and longitude at a spatial resolution of 1.8° x1.8°. The value of a decimal degree (1°) of longitude fluctuates between 40km and 112km, depending on the location distance from the equator. One degree of latitude remains 112 km regardless of location. Each of the resulting indices was represented on a Gaussian grid of 192 longitudes and 94 latitudes, for 96,428 time values at six hour intervals.
Computed indices were population-weighted using Columbia University's Gridded Population of the World dataset (GPW v.3) from 1990 to 2013, and extrapolations from UNEP/GRID-Sioux Falls regional datasets for the years ranging from 1948 to 1990. The population-weighting procedure is important in order to avoid over-estimating energy consumption in areas with extreme weather conditions but without resident population. The resulting indices were subsequently downscaled to an enhanced resolution of 1.6° x 1.6° using statistical regressions, and shaped into national boundaries using GIS geocoding. All the local values of the sub-indices were summed to create annual national indices. Grids overlapping multiple boundaries were split proportionally to the respective surface of each country within the grid. Cooling and heating degree days for each index were calculated by taking the absolute difference between the sub-daily index value and thermal comfort index calculated using the reference climatic factors. These were set to be 60°F, 65°F or 70°F equivalent to 15.6°C, 18.3°C or 21.1°C
, respectively.
Different policymakers may have different preferences to which index to use depending on whether their predominant loads are heating or cooling, and whether the demand is concentrated on the coast or inland. The CMCC-KAPSARC dataset can be used in a variety of flexible ways. It includes degree days based on pure temperature readings, as well as others derived from thermal comfort indices that are calculated based on additional climatic parameters. The inclusion of these parameters helps convey the actual "feels-like" temperature that is sensed by human bodies and that triggers demand for air conditioning.
The dataset includes degree days based on five thermal indicators which are explained in detail in Appendix 1. et al, 2006) . These indices have not been included in our current database, either because they offer an approach too simplistic or they require parameters for their calculations that are not commonly available on a global scale (such as the mean radiant temperature, clothing levels or metabolic rates).
Choosing the reference for the various thermal comfort indices is not a straightforward exercise as additional variables are involved in the process. We use a combination of reference variables that will result in a thermal comfort index equal to 60°F, 65°F or 70°F or the equivalent in Celsius degrees. These arrangements of variables are specific to each index depending on the additional climatic variables that are included. For simplicity, the values of relative humidity and daily average solar radiation were kept constant at 40% and 300 W/m2 respectively, while finding the temperature value that will yield to the reference value of the index. The daily average solar radiation was calculated based on the average solar radiation arriving at the top of the Earth's atmosphere which is roughly 1.3kW/m2 (Kopp and Lean, 2011), dissipated through the atmosphere and the clouds. The resulting value of 300 W/m2 is assumed as the daily solar radiation accounting for the effect of reducing radiation during dark hours. The values of the ideal relative humidity was set as the ideal value for the human body comfort, obtained from recommendations put forth by the Environment Protection Agency for household thermal comfort. Finally, although the NCEP re-analysis cover the 1948-2013 period, the earlier part of the dataset is mostly based on the model dynamics with only little contribution from actual observations. The contribution of the observational data to the reanalysis products, in the second half of the covered time-period, especially for emerging economies, is more reliable in our view. For the purpose of the ensuing analysis, this paper will focus on the last five decades of the time series , keeping only the most reliable parts of the re-analysis products. Values were calculated for 147 countries, while nations with an area smaller than 1000 km 2 were disregarded due to data granularity issues. These include island nations like Nauru or Barbados, or city-states such as Monaco or the Vatican. For the cooling degree days, the difference between the degree days of the various indices and the temperature-based one is more pronounced. All the indices seem to add more cooling degree days when compared to those generated by the base temperatures. In that context, the heat index displays the lowest variability ranging between 23% to 30%, while the Humidex reflects the highest increase ranging between 92% and 145%.
A brief description of the database
Adding humidity and solar radiation does have an effect on the computed value of degree days, and by proxy the actual energy consumed for space heating and cooling control in the residential and commercial sectors. These combined effects seem to vary depending on the index used and whether the purpose is for heating or cooling.
Looking at the ESI and HI, we can assess that the effect on CDD of adding humidity using the HI is between 6% to 15%, and the combined effect of humidity and solar radiation is 16% to 44%, using the ESI for the average period 1964-2013. For the HDD, humidity alone seems not to have an impact (max 4%), while the combined effect of humidity and solar radiation seems to decrease the number of HDD by up to 15% at Tref 17.2°C (70°F).
Intuitively, on a country level, the most affected nations seem to be the ones that include the largest resident population with the highest humidity levels and solar radiations. Table 3 identifies the top five countries with the highest positive variation in degree days for each index.
Nevertheless, this illustrative approach has its own limitation as it cannot be firmly concluded that the difference between the temperature-based index and the thermal comfort indices are solely due to climatic factors. Biases can arise from the definition of thermal indicators or can result from the calibration process. We encourage potential users to propose other indices that may be complementary to our methodology and would enrich the dataset.
Benchmarking against existing datasets
The database has been compared with other available databases that were calculated either on a regional or global level using a similar computation method for degree days, as outlined in Appendix 1 but with varying metadata sources and spatial or temporal aggregations. Comparisons for selected countries were based on national (EIA, 2012 and Vesma, 2014 ), regional (Eurostat, 2011 and global databases (World Resource Institute, 2003 and Wheeler, 2012) . These comparisons were only for the temperature-based degree days, as there is a limited source identified for reviewing degree days generated from other thermal comfort indices. 
Conclusion
Despite the widespread usage of degree days, there is limited access to global databases that enable comparisons between countries. The newly created CMCC-KAPSARC database provides a reliable tool for the purpose of seasonal adjustments of energy demand on both regional and national levels. Paralleled to existing available databases, it offers an important contribution by increasing the geographical coverage, the number of reference temperatures, the timespan, and the temporal granularity. Furthermore, the availability of degree days that include additional climatic factors  such as humidity and solar radiation  allows finer judgment of the policy impacts of energy productivity and intensity targets. However, in a world of energy productivity/intensity targets for addressing climate change, KAPSARC's new dataset assists in providing unbiased comparisons between countries at a level of granularity not seen before. Furthermore, the time series data allows inter-temporal comparisons of the performance for individual countries to judge the impacts of policies designed to improve productivity over time.
Appendix 1: Defining the thermal comfort indices
When used for energy-related applications, the degree days methodology is defined in terms of Cooling Degree Days (CDD) and Heating Degree Days (HDD). A degree day is calculated as the difference between a reference temperature (Tref) and the average of the maximum and minimum temperature (Tmean). If the difference is positive it is counted as HDD, if it is negative it is represented as CDD. CDD and HDD can be computed for various periods (i) by summing up the daily values in the form of:
Values for CDD and HDD are typically summed on a monthly or yearly basis, with the most commonly used reference temperature being 65°F (18°C). Power generation and utility companies tend to implement the methodology on a higher frequency, to the scale of hours or minutes to monitor or forecast potential load fluctuations.
Heat index (HI):
We used the heat index as defined by Rothfusz et al (1990) and modified by the US-based Climate Protection Center (CPC) of the National Oceanographic and Atmospheric Administration (NOAA). It is defined as a function of air temperature and relative humidity as follows: Where T equals the ambient dry bulb temperature in °F and RH is equivalent to the relative humidity in percentage terms with a stated error of ±1.3°F the heat index is to be considered within some boundaries. In particular, it can be thought as optimal for temperatures above 80F and relative humidity above 40%. The Climate Prediction Center (CPC) at the National Oceanic and Atmospheric Administration (NOAA) made some conditional adjustments to the original equation to refine and extend the range of the index outside the above stated boundaries, these include:
For RH < 13 % and 80 °F <T <112 °F Eq. (4) For RH > 85 % and 80 °F <T < 87 °F Eq. (5)
Eq. (1) Eq. (2) More generally if, when using equation (3) above, the resulting HI for any combination of T and RH is below 80 °F, the Rothfusz regression is replaced by Steadman's (1979) formula expressed in the form of:
Eq. (6) The above mentioned Heat Index (HI) has been calculated using NOAA's source code and has Fahrenheit as a unit.
Humidex (HUM):
The Meteorological Agency of Canada developed the Humidex, a thermal comfort index which was also considered in this paper. It aims at reflecting the human perceived temperature by incorporating the effect of humidity into the thermal comfort index by looking at the dew point temperature. The index was first defined by Richardson et al, (1979) and is calculated using the following equation:
Eq. (7) With T being the air temperature in °C and T dew the dew point temperature in Kelvin as defined below, that can be derived from the relative humidity using equation 8 below.
Eq. (8) where RH is the relative humidity in percentage terms. When compared to the Heat Index, the Humidex typically yields higher values at equal temperatures and relative humidity values, something that will be noticed in the ensuing comparison of degree-days generated by indices. The Humidex is most commonly expressed in Celsius.
Environmental Stress Index (ESI):
The Environmental Stress Index (ESI) was developed by Moran et al (2001) as a substitute and proxy for the wet-bulb temperature-based index. It is an experimental index and adds solar radiation as an additional parameter to temperature and relative humidity:
With T being the ambient temperature in °C and RH the relative humidity in percentage terms and SR the solar radiation in W/m2 touching the surface at a vertical angle of 90°. This index has been validated for various climatic conditions such as hot/dry and hot/wet (Moran, 2006) and forms an interesting approach for incorporating the three climatic variables into a thermal comfort index.
This section represents the descriptive statistics of various indices. Table 5 below represents the correlation coefficient, mean, median, standard deviation, kurtosis, skewness and coefficient of variation for the heating and cooling degree days' time series derived from the various thermal comfort indices at three different reference temperatures for the mean of the period 1964-2013.
Appendix 2: Descriptive statistics of various indices
This section represents the descriptive statistics of various indices. Table 5 below represents the correlation coefficient, mean, median, standard deviation, kurtosis, skewness and coefficient of variation for the heating and cooling degree days' time series derived from the various thermal comfort indices at three different reference temperatures for the mean of the period 1964-2013. Table 4 summarizes the results by country, reference temperature, time-span and the average CDD and HDD variations calculated as the mean of the annual variations for the comparative periods.
Appendix 3: Methodology for the comparison of databases
The reference temperature for the World Resource Institute's database is slightly different than the ones used in this paper, so the CDD and HDD degrees days were recalculated at a reference temperature of 18°C and the benchmarking was performed accordingly.
In the case of Vesma, the provided degree days for the United Kingdom used a slightly higher reference temperature (by up to 0.1°C). We adjusted their respective reference temperature by adding or subtracting to their yearly/periodic averages the differences between the reference temperatures multiplied by the number of days in the year. This adjustment had minimal effect on the variation (+/-2%) except for the cases where the annual degree days were very minimal <100, which can be ignored. In order to fully disentangle the effect of spatial and temporal aggregation, a comparison between the CMCC/ KAPSARC dataset and Wheeler (2012) eliminated most of the other effects, The two were similarly computed from re-analysis of satellite data. Furthermore, there was no need to perform any adjustments in the reference temperature, thus limiting potential approximation effects. The difference in the generated degree days was found to be about 29.6% for HDD and 43.9% for CDD, when comparing both global averages for 147 countries for 1980-2011. The comparison was done by calculating the difference in net degree days for all countries at 65°F as Wheeler (2012) only provides a single reference temperature for his dataset. Detailed country level is provided in Table 4 , in the main body of the paper.
HDD CDD Index
The comparison with EIA's US degree days for 1949-2011 for Tref 65°F reflects a minimal deviation for the CDD (+4%) and a moderated one for the HDD (+15%). Yearly averages also reflect similar trends. The EIA figures are based on data from some 200 ground-based stations sparsely located around the contiguous US (EIA, 2012). As CMCC-KAPSARC's data includes the whole of the country, it was necessary to add to the EIA's additional degree days from Alaska and Hawaii. Alaska's HDD accounted for around 30 HDD°F, depending on the year, while Hawaii's was around 0.5 HDD°F, once population was weighted. Hawaii accounted for an additional 15 CDD°F while Alaska's impact was negligible (data obtained through the Western Regional Climate Center database, 2014)
Similar results were noticed in comparison with the World Resource Institute (WRI) dataset where HDD's variation was about +26% and CDD's equal to -16%. The difference can be apportioned to the effect of temporal aggregation as the EIA's calculations are based on mean daily temperatures, while our data are based on 4-intraday values. As mentioned before, higher data frequency enables better representation of the actual heating and cooling energy needs. Spatial aggregation may have had an effect, albeit to a lesser extent. This could be the case in the comparison with the WRI, as their dataset is based on a higher number of land-based stations (384).
For the UK, the effect of temporal and spatial aggregation seems to be further mitigated due to smaller areas involved and less temperature variations. Comparing the dataset with WRI's, Vesma (2014) and Eurostat show variations ranging between -6.8% to 9% (-207 to +281 HDD°C) for the HDD and +35 to +111 CDD°C.
Another comparison with Eurostat's pool of 25 countries reflects that the CMCC/KAPSARC dataset values are on average 16% higher. We removed Cyprus, Luxembourg and Malta from the comparison as the CMCC/ KAPSARC database does not include them. The disparity may be due to the fact that Eurostat uses land-based daily mean data at NUTS2 level -a classification of nomenclature of territorial units for statistics into a hierarchical system for dividing up the economic territory of the EU into basic regions-which was interpolated on a grid of 50 km x 50km. This approach uses a higher spatial resolution but a lower temporal resolution.
Another explanation of the difference may be due to the approximation associated with the adjustment of the reference temperatures of the two datasets which can amount to as much as 2. 
